This article addresses simultaneously two important features in random utility maximisation (RUM) choice modelling: choice set generation and unobserved taste heterogeneity. It is proposed to develop and to compare definitions and properties of econometric specifications that are based on mixed Logit (MXL) and latent class Logit (LCL) RUM models in the additional presence of prior compensatory screening decision rules. The latter allow for continuous latent bounds that determine choice alternatives to be or not to be considered for decision making. It is also proposed to evaluate and to test each against the other ones in an application to home-to-work mode choice in the Paris region of France using 2002 data.
Introduction
As observer of a discrete choice situation, one knows only the set of available choices, some of their attributes, some of the characteristics of the decision maker, and the final choice. Even if information that is provided to the decision maker is perfect, various decision rules may be used to simplify decision tasks, especially if they are complicated. When individual preferences are moreover considered normatively or positively as stochastic, one is interested in modelling her choice rationality in a probabilistic framework. One finds a lot of decision theories that derive individual choice probabilities from latent behavioral processes. Well accepted ones are the theory of dominant preferences (Scott (2002) ), the elimination-by-aspect approach proposed by Tversky (1972a,b) , the additive preference trees of Sattah and Tversky (1977) , the preference trees of Tversky and Sattah (1979) , the feature-based elimination process of Andrews and Manrai (1998) , and random utility theory (random utility maximisation -RUM, e.g. Block and Marshack (1959) , McFadden (1973) , Manski (1977) , Falmagne (1978) , Fishburn (1978) , Ben-Akiva and Lerman (1985) , McFadden and Richter (1990) , McFadden (2005) ) and its extensive frameworks (hybrid choice models and generalised RUM choice models, e.g. Ben-Akiva et al. (2002) , Walker and Ben-Akiva (2002) ). The model that is presented in this article is to some extent a generalised RUM choice model. It accounts for endogenous choice set generation that is based on behavioural processes and it assumes that the final decision is made on the basis of random utility maximisation.
One problem that is addressed in the present article is that of choice set consideration. Actually, one does not know whether all the available choice alternatives are taken into account or not for final decision. One may assume that a non empty subset of alternatives is selected from the set of available choice before proceeding to the final decision. Some of them may be screened out. Screening rules restrict the set of choice alternatives that are evaluated for final selection. A quick look at the existing literature shows that it has been proposed several approaches and strategies to deal with this problem: the conjunctive and disjunctive rules (e.g. Grether and Wilde (1984) , Gensch (1987) , Roberts and Lattin (1991) , Gilbride and Allenby (2004) , Cantillo and Ortúzar (2005) ), the penalised utility function approach of Swait (2001) , the parametrised independent availability model (PIAM) of Swait and Ben-Akiva (1987a,b) , the multivariate (and possibly random) bounds approach of Boccara (1989) and BenAkiva and Boccara (1995) , the parametrised consideration set (PCS) approach proposed by Başar and Bhat (2004) (an attractive feature of the PIAM approach), and the single threshold (SLT) approach suggested by Georgescu-Roegin (1958) . All these approaches account for the fact that, as observer, it is impossible to know the set of alternatives that are 'really considered' by the decision-maker.
Another important point in modelling choice behaviour is that of unobserved taste heterogeneity (e.g. Manski (1977) , Train (2003) ). The present approach accounts for it. It proposes two ways of considering randomly distributed parameters, by means of either continuous distributions or discrete distributions. In the latter case, one proposes a parametric distribution that attempts to explain why a decision maker may belong to some latent classes on the basis of its socioeconomic characteristics.
The proposed modelling approaches have two layers. The top layer focuses on the choice of a non empty subset of the full set of available choices. It deals with latent choice set generation. Latent consideration levels are introduced to model thresholds from which are based selection of choice alternatives: the levels of utility of the latter must be larger to be considered for final decision making. It is also assumed that, whichever is the chosen bundle of attributes of alternatives, the considered choice set is never empty. The decision maker cannot cancel the choice situation. The bottom layer focuses on the choice of an alternative given the considered set. The alternatives that pass the screen are evaluated in a manner consistent with random utility theory. The alternatives that do not pass the screen have a zero probability of being chosen. Obviously, if there is a single alternative that passes the screen, it has then a probability equal to one of being chosen.
The outline of the article is as follows. The approaches and the empirical choice models are presented in section 2. The latter are based on a specific mixture of an appropriate generalised extreme value (GEV) probability distribution (McFadden (1977) , Ben-Akiva and François (1983) , Ben-Akiva and Lerman (1985) , Bierlaire (2006) ). It is detailed the marginal and conditional choice probabilities of each step of the decision scheme. Identification and estimation of the parameters by maximum (simulated when necessary) likelihood technique are also discussed. Data are discussed in section 3. Sample formation and the way independent variables are collected to rebuild individual choice situations are detailed. Descriptive statistics of the dependent and independent variables are also presented. The results are reported and discussed in section 4. Conclusions are drawn in a last section. Further research tracks are also elaborated.
2 The model
Probabilistic framework
Consider a population of decision makers, each indexed by i, i = 1, · · · , n, who are faced with a set A of M available choices 1 . Each choice is modelled by m = 1, · · · , M . One observes only the outcome of a nominal variable y i that models the decision made by an individual i when faced with A. For the rest of the article, one writes y i = m to denote that the chosen alternative chosen by i is the m-th one. As it regards consideration for some but not necessarily all of the choice alternatives in A, the set of subsets one may build with the latter is finite and countable. It is furthermore assumed that the decision maker cannot cancel the choice situation. The empty subset cannot be selected 2 . There are therefore K = 2 M − 1 possible subsets. Each of them is modelled by k = 1, · · · , K. Let also d i be the nominal variable that model subset selection. For the rest of the article, one writes d i = k or C k to denote that the subset of alternatives that is considered is the k-th one. Without loss of generality, k = 1 corresponds to A. As statistical inference is based on observed data, one is interested in the expected choice probability with respect to the distribution of subset selection. It is assumed to be conditional to a set of independent variables x that model the attributes of the choice alternatives and to a set of independent variables z that model the characteristics of the decision maker. It depends also on a parameter θ:
In the present approach, one would like to define the joint probability distribution of the nominal variables as a joint probability distribution that is based on functions of some latent variables that model the behavior of the decision maker.
1 The set of available choices may actually differ between the decision makers. The invariance assumption is made to make the presentation and the application easier. One notes however for the latter that it implies a sample selection process that may limit the empirical analysis to a specific population of interest 2 Such an assumption means that the decision maker is forced to participate to the choice situation. The empty subset is excluded from the set of possible subsets: it has a probability to be selected that is equal to zero 2.2 Econometric specification
Conditional choice probabilities
No matter which is the chosen non emtpy subset of the available choice alternatives, it is assumed that the choice between the latter is based on random utility maximisation. Utility of decision maker i who chooses the m-th alternative is defined as
where
Given RUM and the above distributional assumptions 3 , the probability that the m-th alternative is chosen writes then as a MNL choice probability:
If C k is a singleton and if it contains only m, then the probability to choose m is equal to one. If C k does not contain m, then the probability to choose m is equal to zero.
Screening rules
One turns now to the modelling of choice set generation. It is assumed that the decision maker selects the alternatives she considers for final choice on the basis of a specific behavioral screening rule. In the present approach, it considered existence of latent thresholds (or latent cutoffs) that determine whether a choice alternative is considered or not.
PIAM
The PIAM approach assumes that there exist as much latent consideration levels as there are choice alternatives. Each of the latter has one associated latent cutoff. It is considered in the final choice set if and only if its corresponding level of utility is larger than the latter. The selected choice set may then be defined as
3 One reminds the reader that the conditional RUM assumption postulates that
and that the EV1 distribution has a cumulative distribution function that is defined ∀x ∈ R and ∀µ ∈ R + * as F (x) = exp (− exp (−µx)). µ is the scale of the distribution The latent consideration levels are modelled as linear functions of the levels of observed choice attributes and individual characteristics. They are defined up to independently and identically distributed error terms:
where ∀m ∈ A, i,m iid EV 1 (0, µ)
and
As stated by equation 6, the definition of the vector of latent bounds is context-dependent. One notes however that context-dependency of a latent bound is related only to the attributes of its corresponding choice alternative. Equation 8 defines a conditional independence assumption. It states that the error terms of the utility functions and the error terms of the latent thresholds are independently distributed. After some algebraical manipulations, the probability to select a subset of choice alternatives may be written as
and the probability to choose A simplifies to
One notes that the probability to consider a choice alternative m is a decreasing function of the differenceW i,m − V i,m . Due to the linear functional forms ofW i,m and V i,m , the sign of the effect of an independent variable on the probability to consider the m-th choice alternative depends on the sign of the difference of the corresponding coefficients.
SLT
The SLT approach may appear as a special case of the PIAM approach. It is defined only one latent threshold that determines the level of consideration to reach for a choice alternative to be included in the considered choice set. A choice alternative is selected for final choice if and only if its current level of utility is larger than this latent consideration threshold. The alternatives that pass the screen have larger levels of utility. The alternatives that do not pass the screen have lower levels of utility.
In the present approach, the latent threshold is modelled as an additive function of both the characteristics of the decision maker and the attributes that characterise choice outcomes plus an independent error term:
and h : R P → R Q , Q ≤ P being a deterministic mapping. Note that, as discussed already by Huber and Klein (1991) , cutoffs are then adapted to the choice situation. They are context-dependent. The latter may be defined as a vector of functions of choice attributes. Actually, h defines and controls context dependency. Context independency is not a credible assumption. It may appear surprising that the decision maker sets his/her cutoff level without considering the choice situation. On the other hand, context dependency needs to be defined with precision. There are however several ways of doing it and one needs therefore to test each against the others to shed light on the most appropriate ones for the performed analysis. One must also accept that it may vary with the latter: it is not rotationally invariant 4 . Note also that equation 14 states that the error terms of the utility functions are not correlated between them and with the error term of the latent threshold. Here again, it a conditional independence assumption that is made to simplify the approach. One must recognise that it is a rather strict assumption. It appears however as a convenient and practical one to a first approximation. It will be discussed how to overcome it later in the paper.
As also previously mentioned, it is assumed that the decision maker cannot cancel the choice situation. She is obliged to select at least one alternative to form the choice set she considers. The probability that she selects a given subset of choices C k from A is therefore conditional to the fact that it can never be the empty set. Adapting equations 9 and 10 to the SLT screening rule, one obtains
( 15) and the probability to choose A simplifies to
One notes that the probability to consider a choice alternative m is a decreasing function of the differenceW i − V i,m . Here again, due to the linear functional forms ofW i and V i,m , the sign of the effect of an independent variable on the probability to consider the m-th choice alternative depends on the sign of the difference of the corresponding coefficients.
Continuous vs. discrete unobserved taste heterogeneity
Rather strong assumptions that are made to implement the SLT and PIAM approaches are isodistribution and independence of the error terms. There are many reasons to foresee existence of unobserved correlation between the levels of utility and the levels of the latent bounds. There are also many reasons to consider unobserved heteroskedasticity. Such methodological drawbacks may (at least partly) be overcomed by introducing error components and/or random parameters in the mathematical formulations of the different parts of the modelling approaches (e.g. Train (2003) ). One must however define clearly their causal effects and their meanings.
In the present approaches, it is assumed that, even though the decision makers adopt the same behavioural norm (utility maximisation), the impacts of the different factors that affect selection and choice may vary across them. One assumes existence of what is commonly refered to as unobserved taste heterogeneity.
Continuous unobserved taste heterogeneity
Continuous unobserved taste heterogeneity assumes that the vector of the unkown parameters has a continuous probability density function. In the present approach, it is assumed a parametric distribution f ( |π). For simplification purpose, it does not depend on any independent variable 5 .
The choice probablity is defined as the expected choice probability in equation 1 with respect to the distribution of the vector of random parameters:
The choice of f ( |π) is itself a challenge and it depends on the objectives of the modeller and the available data. The most used distributions are the normal distribution, the log-normal distribution, the truncated normal distribution, the uniform distribution, the triangular distribution, and the Johnson S B distribution. One refers the reader to Hensher et al. (2005) , Hess et al. (2006) , Train (2003) for a discussion of their advantages and drawbacks.
Discrete unobserved taste heterogeneity
Latent class choice models have recently drawn considerable attention among many researchers and practitioners as a class of useful tools for capturing heterogeneity across different segments in a target market or population (see for instance Greene and Hensher (2003) ). It allows for the fact that the decision makers do not have the same taste when they do not belong to the same segment and that they have the same tastes when they belong to the same segment.
The choice probablity is defined as the expected choice probability in equation 1 with respect to the discrete distribution of the vector of coefficients:
In the present approach, one does not set any strict behavioural assumptions on class assignment. It does not depend on specific latent processes but rather on the intersection of several fuzzy ones where some of them may not be naturally ordered. No attempt will be made to explain in a meticulous way the distribution of unobserved heterogeneity across the population of decision makers. It exists and that it is modelled by MNL assignment probabilities.
The fact that the distributions of unobserved heterogeneity does not depend on the attributes of the discrete alternatives in A relies on the principle of consumer sovereignty, see for instance McFadden (2001) . It states that preferences, hence tastes, are established prior to any choice situation.
Identification

Log-likelihood functions
The log-likelihood functions are defined as the sum of the logarithms of the n individual choice probabilities that are defined unconditionally to the choice of a consideration set and unconditionally to unobserved taste heterogeneity:
The ln M XL function does not have any closed form solution. MonteCarlo integration as well as numerical integration techniques have to be used (e.g. Gourieroux and Montfort (1996) ). Monte-Carlo integration techniques will be used for the application.
As it regards the approaches with discrete unobserved heterogeneity, the log-likelihood function may be written as
Discussion
As regards identification of the parameters of the model, one has to apply the standard normalisation condition µ = 1 whatever is the chosen econometric specification. Looking at equation 4, as already explained in McFadden (1973) , Ben-Akiva and Lerman (1985) , Train (2003) , one must also choose a choice of reference, say m , for which the parameters that weigh the characteristics of the decision maker are fixed to 0 (because choice probabilities are functions of the differences of the levels of utility). It means that only β m −β m may be estimated. Additional identification conditions need to be adapted depending on the choice of a MXL or a LCL model but not depending on the choice of a SLT or a PIAM screening rule.
Looking at equations 9, 10, 15, 16, one observes that probability to consider a given subset of choice alternatives is a function of the differences between the levels of utility and the levels of the latent cutoffs. But if one uses the above exclusion constraint, one finds that only φ m − β m and α − β m may be estimated. γ, ψ, and ϕ may be estimated without additional constraint. Walker et al. (2007) have proposed rigourous identification conditions about some standard mixed Logit specifications, including the ones that assume alternative-specific variances. For cross-sectional data, by using rank, order, and equality conditions, they showed that the mode of reference must be the one with the largest alternativespecific variance. For an easier reading of the results, one may also choose the same mode of reference for identification of the coefficients that are associated to the characteristics of the decision maker. If random coefficients that are associated to the characteristics of the decision maker are random, then exclusion constraints must also apply to their higher moments. For instance, if their distribution is defined only on the basis of mean and variance, then exclusion constraints must apply to the variances of the parameters of the mode of reference.
Finally, when specifying latent class models with MNL assignment probabilities as in equation 19, one must choose a latent class of reference for which the parameters have to be fixed to 0.
Data
Sample formation
Data are drawn from the 2001-2002 travel survey that was conducted in the Paris region of France and from the outputs of the MODUS model of the regional direction of roads and infrastructure (Papinutti (1998) , DREIF/DIT/GEST (1998)). The MODUS model is one of the few regional transportation planning systems (Bhouri (2002) ). One uses the interzonal and the intrazonal equilibrium travel times, travel costs and travel distances it produces to build up the transport attributes of the individual choice situations.
The population of interest consists of workers who may use either a private vehicle or a public mode of transport for their home-to-work trips, i.e. two generic modes of transport 6 . Such a sample selection excludes some workers who live and/or work in some locations that public transport does not serve. It excludes also workers who do not have available a private mode of transport either because their households do not own cars or motorcycles or because they are not licensed to drive or because they cannot practice carpooling. 
Model specifications
Several MNL, SLT, and PIAM specifications have been estimated but not all of them are reported in the present article. The models have been estimated with different functional forms of the utility function: linear utility functions, logarithmic utility functions, combinations of linear and logarithmic transformations of the independent variables. It is found that the likelihood functions are maximised when all the quantitative variables are transformed into logarithms 8 . Table 2 about here Models with random parameters and alternative specific constants have been estimated by maximum simulated likelihood method (e.g. Gourieroux and Montfort (1996) ) using 100 Halton draws 9 (e.g. Train and Sandor (2004) ) and assuming that the coefficients are normally 6 Genericity may not be the best approach to study individual choices but one has not available more detailed transport supply data 7 One may note that if there is no such balance in travel attributes, one of the mode of transport may dominate the other 8 One is aware that one should have tested for more flexible functional forms, e.g. by using Box-Cox transformations of quantitative variables (see for instance Mandel et al. (1997)) 9 Halton draws is a way to speed up estimation for a given level of accuracy of the estimator. It is not the only method, e.g. Hess et al. (2005) distributed 10 . Public transport is the mode of reference for which the intercept and the coefficients of the individual-specific variables are fixed to 0. It appears to be the mode with the largest unobserved variance. For the sake of easiness in reading and in comparing the results, It is also chosen to be the mode of reference when it is allowed discrete latent classes.
After having tested various model structures 11 , context dependency is defined in the SLT approach as the shortest distance to travel from home to work. It defines the model specification that replicates the best the observed choices and that gives the best statistical information. The choice between the different definitions is made on the basis of the BIC criterion.
The estimation strategy has also led to estimate model specifications assuming different numbers of latent classes. As proposed by Greene and Hensher (2003) , the "optimal" number of latent classes is determined by selecting the models with the lowest BIC criterions. The reported latent class discrete choice models are the latter. Numerical evaluation of the PIAM approach with latent classes was however not stable and the results did not seem reliable for several reasons: violation of theoretical assumptions (positive signs of the coefficients of travel attributes in the utility functions), huge inflation of the number of parameters to estimate, and numerical issues in computational aspects (optimisation of highly nonlinear functions with large number of parameters). It may be due to an inappropriate estimation strategy, especially as it regards computation of a "good" initial guess to start the algorithm, with respect to the large dimension of the optimisation problem. For instance, estimation of such a specification with only 2 latent classes requires estimating 54 parameters. If it is assumed 3 latent classes, then the number of parameters to estimate grows up to 84. While running the algorithm to estimate a LCL-PIAM model, it was observed that it converged almost systematically to saddle points or to boundary solutions. It does however not mean that the approach is not feasible but it means rather that an important topic of future research is to focus on specific optimisation routines to deal with this issue, including automatic testing of multiple start values.
The results show a strong improvement in model fit under a latent class structure in both the base model and the SLT model as compared to a MXL structure. Assuming that the decision makers may be grouped into subpopulations gives better results than assuming that each decision makers has specific tastes. Either under a latent class structure or a base structure, the SLT approach performs statistically better than a MNL approach, thereby suggesting that the decision makers do not behave as pure random utility maximisers. But as compared to a MNL specification or a SLT specification, the PIAM approach seems to reproduce the best the observed choices.
Whatever is the model specification (MNL, PIAM, or SLT), the MXL extension does not give satisfactory results. The improvements in the log-likelihood functions are not significant as compared to the additional number of parameters required to estimate the models.
The choice of a model clearly depends on which criterion it is made. Within each class of model, and based on the BIC criterion, the LC-MNL, the PIAM, and LC-SLT, are the specifications that best explain the data with a minimum of free parameters. Considering all the estimated models together, the PIAM approach should be privileged.
Results
Even though it is mainly presented for informational purpose only, the results of the MNL model are reassuring about the expected signs and significancy of the estimates. Table 3 about here The probability to choose a private motorised mode is a decreasing function of its travel time and its travel cost, and an increasing function of income and age. It deacreases also when home location or when workplace is located in the urban center, i.e. where the ratio of road capacity to population density (and job density) is the lowest and where supply of public transport is the most dense. It is also shown that the probability to choose a private vehicle is larger for men than for women, denoting therefore a significant gender effect.
When the model is a mixed Logit (with alternative specific variances) with independently and identically normally distributed random coefficients, it is found that the impacts of travel time, travel cost, and home location are significantly dispersed across the population of decision makers. Table 4 about here When unobserved heterogeneity is discrete and explained by a MNL class assignment model, the results show that two latent class are enough to cluster the population of travellers. Table 5 
about here
The results show that the decision makers with higher willingnessto-pay for travel time savings have a larger probability to live in the suburbs and work in the urban center. They have also a lower probability to choose a private vehicle.
The SLT model assumes existence of a latent threshold that determines whether a mode of transport is considered or not. The effect of a variable on the probability to consider a mode of transport is measured as the difference between the estimate in the corresponding utility function and the estimate in the latent threshold. If the difference is negative, then the impact is negative. If the difference is positive, then the impact is positive. Table 6 about here Consideration for both modes of transport is an increasing function of the distance to travel, an increasing function of age, and it decreases when home is located in the urban center (in the city of Paris). The decision maker is likely to increase the set of choice alternatives when the distance to travel increases. He/she is likely to look for larger variety of travel alternatives and trade them off when travel distance increases. In the present application, it means conversely that the decision maker is more and more set in his/her tastes when distance to travel decreases. He/she favours therefore only one mode of transport. It may add to the fact that living in the city of Paris increases the probability to consider only one mode of transport, especially public transport as shown by the coefficients of the utility function of the private vehicle. Interestingly, the results show also that even though the probability to choose the private vehicle decreases when workplace is located in the city of Paris, the latter variable does not affect the probability to consider it. One notes also that consideration for both modes of transport is an increasing function of age but it leads also to a larger probability to choose a private mode of transport. Finally, given the definition of context dependency and the mathematical formulation of the model, there is an interesting interpretation of the probability to consider a mode of transport. It is actually defined as an increasing function of its speed.
The results show also that utility for a mode of transport is a decreasing function of its travel time and its travel cost. The probability to choose a private mode of transport increases with respect to age and when the decision maker is a man. Although income does not affect the latter choice probability and the level of consideration (i.e. W ), it affects significantly the probability to consider a private vehicle. The effect of income on it is actually defined as the difference between the two estimates that are associated to the income variable, with a corresponding t-stat that is equal to 3.49.
Considering normally distributed unobserved heterogeneity, it is found that only the travel time coefficient is significantly dispersed across the population of decision makers. As compared to the model without unboserved heterogeneity, the signs, the relative magnitudes, and significancy of average effects does not change much. There is no clear difference.
The results of the SLT model with 2 latent classes allow two groups of individuals in the population. One of them being is found to be more sensitive to travel time, travel cost, and travel speed. The decision makers who belong to it have a larger willingness-to-pay for travel time savings. Table 8 about here Class assignment characterises the probablity of an individual to belong to a specific group. One observes that the probability to belong to the second population segment, which is the most sensitive to the attributes of modes of transport, is an increasing function of income, a decreasing function of age, and it increases also when workplace is located in the city of Paris. The results show that income plays a more significant 12 role when the decision maker is likely to belong to the first segment of the observed population. One notes however that it concerns with a larger probability the population of decision makers with lesser levels of income. An increase of the latter affects more significantly the choice probability of a private vehicle. Even though there is by definition decreasing marginal returns of income on the choice probability of a private mode of transport, it emphasises it. One understands that not only utility is an increasing concave function of income but also preferences, and therefore tastes, may change with it. One notes also that the decision makers who may belong to the second latent class are the most sensitive to speed when evaluating the considerable modes of transport. Their probabilities to consider a mode of transport are more sensitive to a variation of travel speed.
The PIAM model assumes different latent consideration levels for the modes of transport. Here again, the effect of a variable on the probability to consider a mode of transport is measured as the difference between the estimate in the corresponding utility function and the estimate in the corresponding latent threshold. If the difference is negative, then the impact is negative. If the difference is positive, then the impact is positive. Table 9 about here The results show again a decreasing probability to consider a private mode of transport when the decision maker works in the city of Paris. They show also an decreasing probability to consider a private mode of transport when his/her home is located in the city of Paris. The effects of home and workplace location on the choice probabilities are not significant. The probability to consider a private mode of transport increases when the decision maker is a man. Gender has no effect on the probability to consider a public mode of transport. Once it is controlled for the impacts on the consideration processes, gender has also no effect on the probability to choose a mode of transport.
The results show that only travel time plays a significant role on the probability to consider a mode of transport and the probability to choose it when considered. Travel cost does not play any role on the probability to consider a mode of transport. Even though the difference of the coefficients may appear to be strictly positive for the public transport mode, it is not statistically significant (t-stat=1.53). Considering that both modes are selected for final decision making, it is found that travel cost does not play a significant role on the probability to choose one of them.
Age has no effect on the probability to consider a public transport mode of transport. It has however a significant and a positive effect on the probability to consider a private vehicle.
When assuming continuously distributed unobserved heterogeneity, one observes that taste heterogeneity does not concern a lot of independent variables. One notes however that the impacts of home location and income on the probability to choose a private vehicle are significantly dispersed across the population of travellers. The results show a significant unobserved heteroskedasticity, denoting therefore that there may exist unobserved circumstances that may affect this probability.
The results show also that the effect of travel time on the probability to consider a private vehicle as an alternative is significantly dispersed across the population of decision makers, i.e. the difference of the variances is statistically significant (t-stat=2.30). One finds also the same kind of result as it regards the income, the age, and the gender variables.
From a general point of view, the results of the models show that tastes are distributed in the population of travellers, especially as it regards travel time. The results show actually a significant dispersion of their willingness-to-pay for saving travel time, whatever one considers continuous or discrete distributions. When the latter is privileged, one finds two latent segments are enough to cluster the observed population.
Finally, if one has to choose a prefered model on the basis of the full set of independent variables, i.e. without reestimating the models with their only significant variables, one would use the MXL-PIAM approach.
Conclusions
Even though the approaches are unfortunately not easily practicable for large M in the sense that it requires to study selection among 2 M − 1 subsets of alternatives, they remain worthwhile approaches. They may be virtually set up with any mixed Logit specification and/or any GEV probability distribution functions as concerns the layer that models the choice in the considered set of discrete alternatives. One notes also that one may use other distributional assumption about the error terms.
From a general point of view, the results of the application are satisfactory. Accounting for latent preselection of choice alternatives produces better results. Under a latent class structure, the SLT approach gives the best results. But on the basis of the entire set of estimated model, the PIAM approach should be privileged. Note however that estimation of the LCL-PIAM model has failed. It remains an important future topic of research. Also, every time a latent class structure is assumed, it improves significantly the fit of the models and it performs better than a MXL structure.
It is also derived from the application that two latent classes are enough to model taste heterogeneity. They correspond to two groups of travellers: those with a low value of travel time savings and those with a high value of travel time savings. When associated to the SLT approach, one deduces that the optimal segmentation of the population of interest is of six groups, i.e. three possible consideration set of alternatives times two latent classes for tastes.
Further research may for instance also concern specification, estimation, and comparison of models with larger full choice sets, models with flexible functional forms of the levels of utility and latent thresholds, models with varying GEV distributions along with the considerable choice sets, and models with other screening rules. b Number of latent classes. C: continuously distributed taste heterogeneity assuming independent normal probability distribution functions. Halton draws (100) are used to approximate multivariate integrals in the log-likelihood function c Value of the log-likelihood function at convergence point d Value of the log-likelihood function at parameters all equal to 0 e Number of parameters, P f Likelihood ratio statistic: −2 (ln 0 − ln ) g Pseudo rho-square, adjusted: 1 − ((ln − P ) / ln 0 ) h Akaike Information Criterion: 2P − 2 ln . The AIC attempts to find the model that best explains the data with a minimum of free parameters i Bayesian Information Criterion: P ln (n) − 2 ln . The BIC attempts also to find the model that best explains the data with a minimum of free parameters. When n ≥ 3, it penalises the latter more strongly than does the AIC a Reminder: for identification purpose, the intercept term and the coefficients of the individual-specific variables are fixed to 0 for the first latent class a Reminder: for identification purpose, the intercept term and the coefficients of the individual-specific variables are fixed to 0 for the first latent class 
